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Abstract

Abstract

This dissertation focuses on the research on background noise, multi-speaker and
channel variance to improve the performance of multi-speaker recognition over
telephone. Including:

1. A feature extraction algorithm based on predictive differential amplitude
spectrum (PDAS). In order to solve the problem of variant types of noises over
telephone, a feature extraction algorithm based on differential amplitudes within one
speech frame is proposed. This algorithm does not need advance noise estimation and
is performed on a basis of "within one speech frame". Over four types of noises
(white, babble, f16 and factory), this algorithm can achieve an average error rate
reduction of 24.1% compared with the traditional nonlinear spectral subtraction, and
it also performs well under each type of noises.

2. A speaker segmentation and clustering algorithm based on universal
background model (UBM). In this paper, a speaker segmentation and clustering
algorithm based on UBM is proposed to solve the problem brought by short speech
segments in a conversation over telephone. During the segmentation phase, the log
likelihood ratio score of two adjecent speech segments between UBM is used as a
distance measure to dectect the possible speaker turns in a conversation. After that,
BIC is used to refine the segmentation results. During the clustering phase, the
differential score of one speech segment between speaker models is viewed as a
“probability” to denote how much the speech segment may belong to a speaker model.
After Dnorm, these scores are used to cluster speech segments by their numeric value.
In order to reduce the error rate introduced by the segmentation phase,
re-segmentation is performed by using the results of the clustering phase. On the
national institute of standards and technology (NIST) 2002 switchboard corpus, this
method achieves an error rate of 4.5%. Compared with the system that achieved the
best performance in that year, the relative error rate reduction is 21.1%.

3. A model compensation algorithm based on channel subspace projection.
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Abstract

Latent factor analysis (LFA) and nuisance attribute projection (NAP) are two
effecitive channel robustness methods, but the computation of LFA is very complex
and NAP can not be used in GMM-UBM system.In this paper, a model compensation
algorithm based on channel subspace projection is proposed to analyze the effects of
channel variance in supervector space. This method combines the idea of model
compensation in latern factor analysis and the idea of subspace projection in nuisance
attribute projection together. In order to improve the channel robustness of the system,
it uses the channel information, which is estimated from a test utterance by subspace
projection, to compensate speaker models whose channel information has already
been removed during the training phase. On the one hand, it simplifies the
computation of channel information in an utterance; on the other hand, it can be
easily used for GMM-UBM systems. On the NIST 2006 single-side one conversation
training, single-side one conversation test, this method can achieve an equal error rate
of 9.3% when combined with Tnrom. Compared with the conventional GMM-UBM
system plus Tnorm, the relative equal error rate reduction is 16.2%.

Keywords: Multi-speaker; Speaker segmentation; Speaker clustering; Noise

robustness, Channel robustness
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